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Abstract
A substantial and rapidly growing literature has developed around estimating earnings gains from two-year
college degrees using administrative data. These papers almost universally employ a person-level fixed
effects strategy to estimate earnings premia net of fixed attributes. We note that the seminal piece on which
these papers build, Jacobson, Lalonde and Sullivan (Journal of Econometrics, 2005), provides theoretical
and empirical evidence for the importance of additionally differencing out individual time-trends. The
subsequent literature has not followed suit. Through replication we ask whether this matters. We show
that it does, and further that these person-level time-trends need not be computationally burdensome in
large administrative data. We recommend them as a unifying econometric standard for future work.
JEL: C51; C52; C54; C55; I26; J31
Keywords: Fixed Effects; Community College; Wages.
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1 Introduction
Estimates of the labor market returns to community college degrees using administrative data has grown
dramatically in just the past few years (see Jepsen et al., 2014; Bahr et al., 2015; Dadgar and Trimble, 2015;
Liu et al., 2015; Zeidenberg et al., 2015; Stevens et al., 2015; Xu and Trimble, 2016; and Bettinger and Soliz,
2016). This is due in large part to the availability of statewide longitudinal databases, and in no small part to
a resurgence in demand for these programs and associated skills as an alternative to costly four-year degrees.
These papers, neatly summarized by Belfield and Bailey (2017), almost universally employ a person-level
fixed effects approach to estimate degree attainment “effects” on earnings. While these papers explicitly
build on seminal work by Jacobson, Lalonde and Sullivan (2005a) [JLS hereafter], we note a key difference.
Whereas JLS estimate a model that includes both individual fixed effects and individual time trends, account-
ing for “individual-specific heterogeneity that change at a constant rate over time”, the subsequent literature
has not followed suit, including only the former and omitting the computationally intensive latter.12
Using administrative data on community college students and their labor market outcomes from Michigan,
we ask whether this matters. Replicating the main specification in JLS and comparing it with the current
literature, we find that it does for some, thought not all, awards. We demonstrate that a straightforward
procedure described by JLS based on a Frisch-Waugh-Lovell style partial regression can be easily employed
to reduce the computational burden of including a large number of individual time trends in estimating returns
to community college degrees with large administrative data. We conclude that while estimates of returns to
community college degrees remain positive with new evidence from Michigan, future work on this timely
and economically salient question would be wise to include individual time trends in their empirical exercises
as they prove to be econometrically important, computationally feasible, and provide a concise avenue for
researchers with disparate information on observable characteristics to estimate identical empirical models
without loss of information.
2 The fixed effects model in returns to community college
We begin by describing the model in JLS, which is the richest and most exhaustive in terms of accounting for
pre-trends and individual characteristics. Using their notation, the authors estimate the following:
yit = αi + ωit+ γt + xitβ + δit(si, zi) + τit(ci, fi, li, zi) + it (1)
where quarterly earnings (yit) depend on an unobserved individual fixed effect (αi), individual time trends
(ωit), and secular quarter fixed effects (γt). In addition, the model includes time-varying worker characteristics
(xit), effects of job displacement δit(si, zi) which depend on time of displacement (si) and individual
characteristics (zi), and the effects of additional schooling τit(ci, fi, li, zi) which can depend on worker
characteristics, credits earned ci, and first and last quarters of enrollment (ci, fi).
1We note a new working paper, Carruthers and Sanford (2017), employs the model we propose here.
2The authors (JLS) also have a companion paper, Jacobson et al. (2005b), that focuses on policy relevance with more data.
Conclusions are similar.
Note that this specification accounts, in a piece-wise manner, for several factors. First, the authors flexibly
control for the effects of job displacement, δit(si, zi), drawing on earlier work by Jacobson et al. (1993)
showing that workers’ earnings decline before layoffs. Note also that JLS restrict to mid-career workers
with 3+ years of tenure prior to layoff, likely leaving them with a less heterogeneous group than subsequent
studies. In the JLS case, since the econometrician leverages displacement as an impetus for enrollment, they
can control for earnings trends prior, and thus prior to enrollment. When this is not the case, workers are
choosing when to (partially) leave the workforce and devote time to (different types of) schooling for reasons
unobserved by the econometrician. Likely these factors vary over time, within person, and are correlated with
program of study, completion, and pre- and post-schooling earnings (trends). Thus, the authors also include
individual time-trends, ωit. This accounts for the case that growth in earnings prior to, or during, enrollment
are correlated with any of award receipt, program of study within award, intensity of enrollment, and their
potential outcomes. Adding individual time trends absorbs this heterogeneity. JLS show, as do we, that these
trends matter.
Estimating this model, the authors note, might appear to be a computationally heavy task due to the large
number of individual fixed effects and individual time-trends which create a cumbersome matrix inversion
when individual observations in administrative data often run into the hundreds of thousands. However, in
reality this problem is easily overcome by using partial regression, as described by Frisch-Waugh (Frisch and
Waugh, 1933). To demonstrate, begin with a simplified version of Equation 1 above:
yit = αi + ωit+ witλ+ εit (2)
where the vector wit contains all time varying terms whose coefficients are not individual specific, such as
degree receipt, enrollment, or effects of displacement. The authors then create y˜it and w˜it, which are deviations
of yit and wit from individual specific means and individual time trends. Standard errors are estimated
using the well-known version of White (1980), Cov(λ) = (
∑
w˜′iw˜i)
−1(
∑
w˜′ieie
′
iw˜i)(
∑
w˜′iw˜i)
−1.3 In
practice there are several ways one could accomplish this. Partial regression would have one first create
y˜it = yit − αi − ωit and w˜it = wit − αi − ωit, and then estimate y˜it = w˜itλ+ εit to recover the parameter
of interest, λ. Yet one could simplify this even further. Given that the current literature estimates the model
with n− 1 person fixed effects, a procedure with equivalent computational burden would be to first de-mean
yit and wit to remove the time-invariant fixed effect, creating y¨it = yit − y¯it and w¨it = wit − w¯it. Then one
could estimate y¨it = ωit + w¨itλ + εit containing the same number of parameters as the individual fixed
effects model currently used in the literature.4
We note these shortcuts, as do the original authors, to demonstrate that the inclusion of individual time-
trends and the computation of the corresponding standard errors via the two-step procedure is quite feasible.
In fact, one no longer need to consult any of these procedures offered above at all. Recent advances in the
computation of high-dimensional fixed effects (Correia, 2016; Guimaraes and Portugal, 2010; Mittag, 2015)
have not only sped up computation time, but also now provide user friendly routines for the estimation of
3The exact procedure JLS use can be found in Jacobson et al. (2005a), pp. 284-285.
4This would require degree of freedom adjustments to the standard errors.
coefficients and corresponding standard errors.5 Thus if researchers have not allowed for individual time
trends because they are difficult to implement, we argue that this should not be the case. Whether or not these
trends are important is an empirical matter we investigate below.
3 Econometric specification
In the following we replicate the stylized version of JLS that has become standard in the literature, many
of which are based on Jepsen et al.’s (2014) replication of JLS using data from Kentucky, and compare this
to the full model to test whether these time-varying trends matter. We take the following as the standard
specification:
yit = αi + AWARDitΓj +WitΛ +Xitβ + τt︸ ︷︷ ︸
Sub-components of witλ in Equation 2
+εit , (3)
where yit is real ($2011) quarterly earnings for person i in quarter t, and αi is an individual fixed effect.
This is the current literature’s analog of JLS’s simplified model shown in Equation 2. For clarification of
the difference in covariates, we have split witλ from Equation 2 into four parts. The first is vector of three
degree indicators, AWARDit, set to unity if individual i has received j as of quarter t for j = Short Certificate,
Certificate and Associate degree. In addition, AWARDit includes an indicator for exiting schooling set equal
to one for all post-schooling quarters and a non-linear post-schooling trend equal to the reciprocal of quarters
since exiting and set to zero before exiting schooling. This post-schooling trend is then interacted with
each AWARD category. This is identical to JLS’s parameterization of the non-linear trajectory earnings take
post-schooling. In this case, the coefficient vector Γj represents the quarterly return to earning award j with
those enrolling but earning no award as the reference group.6
Next is a vector of time-varying worker attributes, Wit. This vector contains indicators for the four
quarters leading to first enrollment to account for Ashenfelter-type pre-enrollment earnings “dips”, indicators
set equal to one in each quarter i was enrolled interacted with college type (two- and four-year) to account for
earnings declines due to labor market separation, and interactions between enrollment in each college type
and ultimate degree received to account for differential separation from the workforce for degree earners.
Third, the vector Xit is a set of interactions between a common linear time trend, t, and fixed individual
characteristics, including: interactions between race and gender, whether students ever received Pell or student
loans, the number of remedial and non-remedial credits attempted in the first term to proxy for intensity and
degree intentions, and remedial placement scores in English and math including indicators if these scores are
missing. This is meant to absorb time-varying heterogenety in earnings across factors correlated with the
likelihood of degree receipt in lieu of individual time-trends. Lastly, τt are secular quarter indicators and εit
contains all other information.
Note that these parameters are an analogue of the main specification in JLS stylized to the current
5See Bai (2009) for a more general discussion of interactive fixed-effects models.
6Note that we omit all respondents who ever attend a four-year school, thus eliminating from the returns to an AA the option
value of attempting a Bachelors degree.
literature. First the pre-enrollment dips, δit(si, zi) in JLS, are simplified as we and others do not focus
on separated workers; we show later that these dips are nearly absent in our data. Moreover, they are not
interacted with worker characteristics as in the original article. Second, the model accounts for time-costs
of enrollment by interacting ultimate degree with indicators for enrolled quarters, whereas JLS use credits
earned during enrollment averaged over the entire enrollment period since they are estimating returns to
credits as opposed to degrees. Both cases are meant to account for intensity weighted investment in schooling
over work during the enrollment period. The key remaining difference is that individual time-trends in JLS,
ωit, are replaced with an interaction between a common time-trend and fixed individual characteristics, Xit
in the model above. This is not a trivial omission as we should be concerned with heterogeneity in growth
trends that might be correlated with either the likelihood of earning a degree, time to degree among degree
recipients, field of study within degree class, or even the degree to which workers separate from the labor
force during schooling. In our replication we compare the above model to one that replaces the trends and
trend interactions with individual time-trends as in JLS. The model then becomes:
yit = αi + ωit+ AWARDitΓj +WitΛ + τt + εit. (4)
Should these individual fixed effects not matter, we should expect statistically similar estimates in returns to
degrees with and without their inclusion.
Given variation in the exact specification of the model above across studies, and large variation in estimate
returns to to awards, Belfield and Bailey (2017) ask how much estimates of the above model (a) rely on
the inclusion of the person level fixed effect, which may not be feasible for researchers without access to
large administrative databases; (b) are sensitive other functional form assumptions, such as higher order
time trends, controlling for pre-enrollment “dips”, or interactions between time trends and demographic
characteristics; and/or (c) are sensitive to different samples and definitions. Their primary analysis sample
uses data from North Carolina, and they limit their analysis to earnings gains from an Associate degree.7
They augment this by detailing the subtle yet important specification and sampling differences across many
of the studies described above and others. Ultimately they conclude that even individual fixed effects have
little impact on estimates and that the full fixed effects model is robust to most sampling restrictions and
functional form assumptions, with some exceptions (the handling of missing wages, transfer students, and
modeling of time trends). We point out that many of the heterogeneity, trend, and earnings “dip” concerns
these various specifications address are lessened or negated by differencing out individual trends. Moreover,
there is an added advantage of creating uniformity across studies faced with different available data as the
entire vector Xit is eliminated obviating the need to selectively choose elements in the X vector.
4 Data and Sample
Our study was initiated by the receipt of student records from five public, degree granting Michigan community
colleges for all students enrolling in or after the fall semester of 2001 through 2011. These five institution
7Belfield and Bailey (2017) incorporates concerns about the fixed effects model similar to those raised here from Dynarski et al.
(2016).
represent approximately 40% of all students in Michigan’s public and not-for-profit 2-year schools. Table 1
shows basic summary statistics comparing our schools to other institutions in Michigan and the US.
These data include student demographics, applications for and receipt of financial aid, scores from
remediation placement tests, transcripts from each term attended, and a record of each award received
including field of study. In order to account for post-secondary enrollment prior and subsequent to enrollment
in our five institutions, including in four-year colleges, we match these student records to the National Student
Clearinghouse database (NSC). Labor market outcomes are taken from the state of Michigan’s unemployment
insurance records. These indicate gross quarterly earnings for individuals in our sample between quarter 2,
1998 and quarter 2, 2011. These records only include earnings in the state of Michigan and do not include
self-employment. On the recommendation of officials from the Michigan Department of Licensing and
Regulatory Affairs who collect and maintain the UI data we recoded all nominal quarterly earnings equal to
or less than $10 to $0 as these are likely misreported.
We limit our sample to first time college students.8 In order to allow for the accumulation of earnings
before enrollment, and for the accumulation of earnings after exit, we further restrict our working sample to
individuals who first enrolled in our colleges between fall 2002 and fall 2007, to those who were between
ages 21 and 45 at first enrollment and between ages 17-65 when working, and to those who did not take any
coursework after mid-2009. We also restrict our analysis to students who did not attend a four-year school
after entering community college. This has the effect of evaluating the effect of a terminal two-year degree.
Lastly, we omit the few students with missing date of birth and gender. Table 2 shows summary statistics by
ultimate degree.
5 Results
To give a visual sense of trends and gains from awards, we display earnings trends by degree receipt relative
to last quarter before enrollment and first quarter after exit (defined as after last enrollment for non-degree
earners or after receiving the highest award for award recipients) in Figure 1. Thus, the break between Last
and First is the enrollment period. Note that in Panel A we see little evidence of earnings dips prior to
enrollment, that we see large unconditional gains for all award recipients, and little difference for non-degree
earners. In Panel B we display the same trends but showing median, rather than mean, quarterly earnings.
Here we see a striking difference. Pre-enrollment median earnings far are less than half of mean earnings,
while post-schooling earnings for award recipients converge on post-schooling means. Yet, post-schooling
median earnings for non-award earners converge to zero. This pattern suggests wide heterogeneity in earnings
(trends) and returns to schooling even among award earners.
Turning to our main result, Table 3 shows results from Equation 3 above sequentially adding elements.
We begin in column 1 by including only degree indicators and quarter fixed effects to show raw differences,
observing a near $2,000 gain from a Certificate and about $1,500 from an Associate degree. In column 2 we
add our full vector of fixed person level covariates, Xi, in addition to a full set of interactions between age,
8Note that our NSC records date back to 1995, so it is possible that some students enrolled prior to 1995 and then did not enroll
again until they entered our schools.
school and enrollment cohort, a quadratic term in age, and our vector of common time-varying elements, Wit,
wich include enrollment covariates and controls for common pre-enrollemnt dips. The result is an increase
in the estimated return to a Short Certificate from null to about $550, and increases of about $200 for each
of Certificates and Associate degrees, though we cannot reject that estimates for the latter two are different
from results in column 1. In column 3 we then add a linear time-trend and interact it with the full vector
of fixed covariates. We find that results are virtually unchanged, suggesting that this interaction is soaking
up little variation in our sample. In column 4 we model post-schooling earnings growth interacted with
degree receipt where the post trend is the reciprocal of quarters since degree receipt. Again modest increases
in estimated returns to Certificates and Associate degrees, of approximately $300 each, but not for Short
Certificates suggests that earnings rise steeply in the first quarters post-schooling. We take a moment here to
note an additional, though small, difference between the original JLS article and subsequent work. JLS model
common post-degree returns using the reciprocal of quarters since graduation where subsequent work largely
uses linear or quadratic trends. Misspecification here could potentially bias results downward. Column 5 then
replicates the full model from Equation 3 by adding individual fixed effects as it is commonly employed
post-JLS.
We find that adding individual fixed effects results in a large and significant estimate decrease for
Certificate earners, by well over half, and a smaller increase for Short Certificate earners, which is not
statistically different from the model without fixed effects. Note also that we find estimates of returns to
Associate degrees are largely unchanged. The lack of impact of the individual fixed effect for Associate
earners, and stability of estimates across specifications, is a confirmation of results in Jepsen et al. (2014) and
Belfield and Bailey (2017). In addition, our estimate of returns to Associate degrees are on par with their
findings and their summary of others in the literature, suggesting that we are providing a reliable replication.
Yet, that we see large and significant changes to estimates of returns to Certificates by adding fixed effects
suggests that Belfield and Bailey’s claim that estimates are robust to fixed effects across the literature may
not extend beyond Associate degrees.
In column 6 we then estimate Equation 4 by adding individual time trends to Equation 3 and dropping
the now redundant Xtt vector. Here we find a modest nominal impact on Short Certificates and little impact
Certificates, of approximately -$200 and +$100, or 11 and 35 percent respectively, in the main effects, though
we cannot jointly distinguish these coefficients from those in model 5. Yet, we do find a near $500, or
roughly 25%, increase in estimated returns to Associate degrees by including the individual time-trends in
addition to a steeper growth rate to the earnings profile. JLS reach the same conclusion. They show that
estimated earnings gains increase with the inclusion of individual time-trends, arguing this is evidence that
after accounting for observable factors, workers who earn more credits (or earn awards in our case) had flatter
earnings growth prior to enrollment.9 The differences between these models are both statistically significant
and economically meaningful. To further the latter point we calculate the present value of the difference in
estimated earnings streams between models 5 and 6, discounted at a rate of 5% over 10 years. The discounted
net present value comes to more than $7,000, roughly equal to two years of tuition and fees for in state public
9P. 278.
community colleges.10 Nonetheless, we note that estimated annual returns to community college degrees
in Michigan remain positive and persistent, on the order of about $3,200 for (Short) Certificates, and over
$9,000 for Associate degrees.
For exposition, we estimate two final sets of analyses. First, we replicate columns 4-6 of Table 3 separately
by gender in Table 4 to align ourselves better with the existing literature. We find that the importance of the
individual time-trend is largely limited to males. The gains associated with Certificates for males declines
from $828 to $566, with the latter not distinguishable from zero (or from $828). The gain associated with
an AA degree increases from $845 to $1,351 when person level trends are added. The change for women is
much smaller, from $2,299 to $2,603.
As a final exercise, we explore the possibility that individual time trends need not be linear by including
first a second order polynomial trend, and then by estimating two separate individual trends – one before
and one after college. With column 1 of Table 5 repeating our main specification including linear person
trends, column 2 adds a quadratic term and column 3 estimates two separate trends. Estimates in column
2 vary considerably from those in the linear specification, though they are not statistically different from
those in column 1. In column 3 we find larger differences, where the main effects all decrease, suggesting
that individual slope differences might be affected by additional schooling as well as common trends. In
either case, we conduct these exercises to demonstrate that the Frisch-Waugh procedure can be applied to any
number of fixed effects or trends. The degree to which differencing out individual time trends, or, say, the
importance of higher order polynomials in these trends, will likely vary with economic conditions and the
demographic composition of the sample. Nonetheless, including these trends in econometric specifications
has a very useful advantage – it creates uniformity across studies faced with different available information
about workers’ characteristics, potentially facing different local economic conditions. This has the added
advantage of creating uniformity across the many existing, in progress and future studies that make use of
administrative panel data as described here.
6 Discussion and suggestions
Community colleges have become an increasingly important part of the American education system. Yet,
estimating the economic return to these programs is an ongoing process. Because many of the quasi-
experimental methods employed to estimate returns to four-year colleges do apply in the two-year case,
researchers have relied on large administrative panels, employing a fixed effects model to difference out
unobserved differences between degree earners and non-completers.We note that the seminal piece in this
literature, Jacobson et al. (2005a), cautions that time-varying unobserved heterogeneity is a real concern.
The authors point out that demeaning individual time-trends in addition to fixed attributes is warranted both
theoretically and empirically. The many subsequent papers have not followed suit, quite possibly due to the
computational burden of high dimension fixed effects in large panels. Through replication, we show that the
same Frisch-Waugh procedure outlined in Jacobson et al. (2005a) makes this problem tractable and point
readers to recent advances in the computation of multiple high dimension fixed effects.
10Ma and Baum (2016).
Ultimately we determine that both the fixed effects and time trends matter. The trends matter most for
Associate degree earners, suggesting that in our data long run returns might be under-evaluated by as much
as 25%. This finding concurs with Jacobson et al., who find that earnings growth prior to schooling was
negatively correlated with schooling investments. We also note that our exercises add to the empirical body
of research suggesting economically large and statistically significant earnings gains to earning a community
college award, on the order of about $2,300 per quarter (nearly $10,000 per year) for Associate earners, and
about $800 ($3,200 per year) per quarter for Certificate holders. These results are on par, though at the high
end, of other work in the literature.
Importantly, we point out that there is wide variation in model specification across the many studies
currently in print or in progress. This is in large part due to variation in what is included in the data (for
example, Jacobson et al. know workers’ occupations). Since the inclusion of individual fixed effects and
trends differences out (trends in) these factors, specifying a model with both will obviate this difference
across studies. Moreover, our study, just as Jacobson et al. prior, is agnostic as to the relationship between
these trends and investments in schooling. Rather, we treat it as an empirical question that might vary with
(local) economic conditions, within or across states and over time. In this sense, as the literature moves
forward we suggest subsequent researchers have good reason and convenient means to return to the model
that started the literature.
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Tables and Figures
Table 1: A comparison of community colleges.
5 sample All other MI All US
institutions institutions institutions
Percentages
Female 57 61 60
Non-white 22 26 36
Full time 38 39 46
Traditional 8 11 14
Dollars
Tuition (in district) $1,902 $2,025 $2,535
Tuition (in state) $2,995 $3,120 $2,939
Counts
Number of schools 5 25 1057
Average enrollment. 13,150 6,271 5,537
Total enrollment 65,750 156,769 5,559,469
Notes: Statistics from IPEDS, 2006. Sample is public and not-for-profit
2-year degree granting institutions.
Table 2: Summary statistics, by degree.
No degree Short Cert. Cert. Assoc.
Age first enrolled 30.3 31.1 31.9 30.9
White 0.61 0.53 0.72 0.75
Non-White 0.30 0.45 0.24 0.20
Race missing 0.10 0.03 0.05 0.06
Ever Pell 0.27 0.41 0.29 0.36
Ever loans 0.05 0.19 0.10 0.06
Non-remedial cred 1st term 4.76 5.34 7.15 6.87
Remedial cred 1st term 1.43 0.77 1.09 1.11
Emp yr prior to enroll 0.67 0.75 0.76 0.68
Earn yr prior to enroll 4,660 3,513 5,425 4,136
English score (Z) 0.00 -0.11 0.13 0.51
Math score (Z) -0.37 -0.36 -0.35 0.07
Missing English score 0.59 0.39 0.62 0.58
Missing math score 0.57 0.46 0.64 0.53
Obs. 27,085 379 870 2,659
Notes: Sample consists of first time college students ages 21-45 at entry, who enrolled in one of
our five institutions between 2001 and 2009, who have non-missing age and gender, and who
never subsequently enrolled in a four-year school.
Table 3: Earnings specifications.
(1) (2) (3) (4) (5) (6)
Short Cert. -295.5 525.0** 551.5*** 556.5** 607.5*** 822.5***
(208.1) (206.8) (208.4) (232.9) (206.5) (235.2)
Certificate 1959.7*** 2168.7*** 2134.9*** 2428.4*** 904.2*** 806.9***
(227.4) (213.4) (215.3) (252.2) (205.3) (193.0)
Associate 1480.8*** 1655.9*** 1634.2*** 1930.5*** 1876.7*** 2343.8***
(132.9) (129.6) (131.4) (162.2) (142.0) (150.8)
Post 298.2*** -25.49 -34.63
(81.11) (53.52) (55.23)
Post trend 297.8*** 516.2*** 310.4***
(76.40) (59.53) (51.32)
Post trend × S.Cert -79.13 56.94 -29.37
(348.9) (303.0) (291.9)
Post trend × Cert. -1640.6*** -1206.9*** -1061.3***
(353.1) (320.5) (286.5)
Post trend × Assoc. -1349.4*** -1446.0*** -1794.9***
(192.7) (166.6) (148.6)
ωit ×
αi × ×
Xit × × ×
Xi × × ×
Wit × × × × ×
τt × × × × × ×
n 30,993 30,993 30,993 30,993 30,993 30,993
N 1,609,090 1,609,090 1,609,090 1,609,090 1,609,090 1,609,090
Notes: Dependent variable is quarterly earnings in real $2011. Post-trend is the reciprocal of quarters since exiting schooling. Wit
are time varying indicators for enrollment and pre-enrollment dips. Xi are fixed person level covariates including age-college-cohort
fixed effects. t is a linear time trend and τt are secular quarter indicators. αi is a person fixed effect and ωit is an individual time
trend. All model parameters are described in Section 3.
Standard errors clustered on individuals in parentheses.
(* p < 0.10, ** p<0.05, *** p<0.01)
Table 4: Main earnings specifications, by gender.
Only Females Only Males
(1) (2) (3) (4) (5) (6)
Short Cert. 178.9 661.4*** 792.2*** 103.3 260.9 555.5
(259.0) (217.3) (252.6) (521.6) (510.5) (567.6)
Certificate 1726.4*** 976.9*** 894.5*** 3549.4*** 828.6* 566.8
(232.5) (191.1) (202.1) (534.0) (447.4) (393.4)
Associate 2473.9*** 2299.4*** 2603.8*** 951.6*** 844.8*** 1351.4***
(175.6) (162.7) (175.2) (336.5) (274.7) (281.9)
Post -286.5*** -6.833 90.51 971.8*** -47.49 -171.1*
(89.53) (64.37) (69.11) (137.6) (89.50) (88.92)
Post trend 560.3*** 361.1*** 74.77 -13.49 683.9*** 560.0***
(85.27) (70.36) (62.24) (130.1) (100.6) (84.64)
Post trend × S.Cert 88.98 124.8 68.27 283.9 343.7 334.8
(380.4) (331.1) (316.8) (794.6) (689.1) (683.3)
Post trend × Cert. -1145.0*** -826.7*** -855.2*** -2417.5*** -1711.9** -1160.9*
(304.7) (275.8) (256.1) (789.1) (724.4) (626.4)
Post trend × Assoc. -1498.6*** -1380.0*** -1557.9*** -1064.2*** -1341.7*** -1821.8***
(207.4) (186.9) (170.0) (409.6) (338.6) (294.0)
ωit × ×
αi × × × ×
Xit × × × ×
Xi × ×
Wit × × × × × ×
τt × × × × × ×
n 17,271 17,271 17,271 13,722 13,722 13,722
N 899,250 899,250 899,250 709,840 709,840 709,840
Notes: Table replicates main specifications, columns 4, 5 and 6 from Table 3, separately by gender. Sample in columns 1-3 is females
only, and is males only in columns 4-6. No other changes are made. Dependent variable is quarterly earnings in real $2011. Post-trend
is the reciprocal of quarters since exiting schooling. Wit are time varying indicators for enrollment and pre-enrollment dips. Xi are
fixed person level covariates including age-college-cohort fixed effects. t is a linear time trend and τt are secular quarter indicators.
αi is a person fixed effect and ωit is an individual time trend. All model parameters are described in Section 3.
Standard errors clustered on individuals in parentheses.
(* p < 0.10, ** p<0.05, *** p<0.01)
Table 5: Additional earnings specifications.
(1) (2) (3)
Short Cert. 822.5*** 611.0*** 701.0***
(235.2) (226.7) (257.8)
Certificate 806.9*** 952.5*** 577.7**
(193.0) (183.2) (238.2)
Associate 2343.8*** 2561.3*** 2169.2***
(150.8) (159.2) (191.7)
Post -34.63 -144.5*** -85.15
(55.23) (51.12) (57.07)
Post trend 310.4*** 337.0*** 155.9***
(51.32) (49.58) (53.87)
Post trend × S.Cert -29.37 246.2 179.0
(291.9) (285.2) (313.3)
Post trend × Cert. -1061.3*** -942.6*** -607.4*
(286.5) (267.0) (314.7)
Post trend × Assoc. -1794.9*** -1755.2*** -1437.8***
(148.6) (151.6) (178.5)
ωi(tpre, tpost) ×
ωit
2 ×
ωit × ×
αi × × ×
Wit × × ×
τt × × ×
n 30,993 30,993 30,993
N 1,609,090 1,609,090 1,609,090
Notes: Column 1 replicates specification 6 in Table 3. Dependent variable is quarterly earnings in real $2011. Post-trend is the
reciprocal of quarters since exiting schooling. Wit are time varying indicators for enrollment and pre-enrollment dips and τt are
secular quarter indicators. αi is a person fixed effect, ωit is an individual time trend or quadratic (t2), and ωi(tpre, tpost) are separate
individual trends pre- and post-schooling. All model parameters are described in Section 3.
Standard errors clustered on individuals in parentheses.
(* p < 0.10, ** p<0.05, *** p<0.01)
Figure 1: Mean and median earnings, relative to school start and exit.
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Notes: Plots show mean (a) and median (b) quarterly earnings by eventual highest degree earned relative to last quarter before
enrollment (last) and first quarter after enrollment (first). Enrollment end is defined as last quarter enrolled for non-award earners and
quarter in which highest degree awarded is earned for degree recipients.
